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Dense monolayers of living cells display intriguing relaxation dynam-
ics, reminiscent of soft and glassy materials close to the jamming
transition, and migrate collectively when space is available, as in
wound healing or in cancer invasion. Here we show that collective
cell migration occurs in bursts that are similar to those recorded in
the propagation of cracks, fluid fronts in porous media and ferromag-
netic domain walls. In analogy with these systems, the distribution of
activity bursts displays scaling laws that are universal in different cell
types and for cells moving on different substrates. The main features
of the invasion dynamics are quantitatively captured by a model of
interacting active particles moving in a disordered landscape. Our
results illustrate that collective motion of living cells is analogous to
the corresponding dynamics in driven, but inanimate, systems.
Introduction
Collective cell movement depends on intracellular biological
mechanisms as well as environmental cues due to the extracel-
lular matrix (ECM)[1, 2, 3, 4, 5], mainly composed by collagen
which is organized in hierarchical structures, such as fibrils and
fibers. The mechanical properties of collagen fibril networks
are essential to offer little resistance and high sensitivity to
small deformations, allowing easy local remodeling and strong
strain stiffening needed to ensure cell and tissue integrity [6].
Wound healing is a typical biological assay to study collec-
tive migration of cells under controlled conditions in vitro and
is a prototypical experimental method to study active matter
[7, 8, 9, 10]. Experiments performed on soluble collagen [11] or
other gels [12], micro-patterned [13, 14] and deformable sub-
strates [1] show that cell migration is guided by the substrate
structure and stiffness [15, 5, 16].
It has been argued that collective migration properties arise
from stresses transmitted between neighboring cells [1] giv-
ing rise to long-ranged stress waves in the monolayer [17, 18].
Hence the dynamics of an invading cell sheet is ruled by a
combination of long-range internal stresses and interactions
with the substrate, suggesting an analogy with driven elastic
systems moving in a disordered medium such as cracks lines
[19, 20], imbibition fronts [21] or ferromagnetic domain walls
[22]. The scaling laws in these systems are usually associated
with a depinning critical point that has been widely studied
by simple models for interface dynamics. Thanks to a combi-
nation of numerical simulations [23, 24] and renormalization
group theory [25, 23, 26, 27], we now have a detailed picture of
the non-equilibrium phase transitions and universality classes
in these systems. Here we substantiate the analogy between
collective cell migration and depinning by revealing and char-
acterizing widely distributed bursts of activity in the collective
migration of different types cells (human cancer cells and ep-
ithelial cells, mouse endothelial cells) over different substrates
(plastic, soluble and fibrillar collagen) and experimental condi-
tions (VE-cadherin knock down) and compare the experiments
with simulations of a computational model of active particles
[10]. We find that in all these cases the statistical properties of
the bursts follow universal scaling laws that are quantitatively
similar to those observed in driven disordered systems [28].
Results and discussion
Cell front dynamics and activity clusters We perform migra-
tion experiments on different cell lines as described in the Ma-
terials and Methods section. We extract and record the cell
front position as a function of time as shown in Fig. 1 for ex-
periments (see Videos S1-S7) and in simulations (Video S8).
The fronts show a rough structure with localized bursts of ac-
tivity that is reminiscent of elastic lines moving in a pinning
landscape [19, 20, 21, 22]. Spatio-temporal velocity fluctua-
tions in moving fronts can be effectively quantified by con-
structing activity maps, as done previously for moving crack
fronts [20] and fluid imbibition through porous media [21]. As
discussed in the Materials and Methods section, from each
time-lapse movie we construct a spatial map vf (x, y) measur-
ing the velocity of the front at position (x, y) (see Fig. S1).
Using these maps we can define regions of coordinated activ-
ity by introducing a threshold c for the velocity. The maps
reported in Fig. 1 vividly illustrate the formation of localized
clusters of activity similar to those found in fracture [20] and
imbibition [21]. The corresponding distributions of cluster ar-
eas are reported in Fig. 2a for experiments on different cell
Significance
During wound healing and in cancer invasion cells migrate col-
lectively driven by active internal forces and invade the available
space. Here we show that this motion occurs by intermittent
bursts of activity described by universal scaling laws similar to
the ones observed in other driven systems where a front propa-
gates in response to an external force, such as in fracture and
fluid imbibition. Our results demonstrate that living systems
display universal non-equilibrium critical fluctuations, induced by
cell mutual interactions, that are usually associated to externally
driven inanimate media.
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types and for simulations. They all display a power law decay
P (S) ∼ S−τ up to a cutoff length S∗.
The exponent τ of the power law distribution appears to be
similar for different cell types: the fitted values (see Table S1)
are all similar within error bars (τ ' 1.4 − 1.6) and remark-
ably close to the values recorded in crack front propagation
[20]. As observed in moving cracks fronts, the cluster distri-
butions, and in particular the cutoff to the power law decay,
depends on the threshold c used to identify the activity (see
Materials and Methods and Fig. S1).The value of the cutoff
S∗ is in all cases much larger than the typical size of a cell
indicating that correlated activity spans multiple cells (Fig.
S2). We also provide additional evidence for universality by
measuring the relation between width, length and size of clus-
ters Fig. 2cd. Also in this case, we find robust scaling across
different cell lines and experimental conditions.
Cell migration on collagen matrix To study quantitatively the
effect of the substrate on the migration capability of cancer
cells, we study wound healing under three different cell coat-
ing conditions: plastic (i. e. no coating), bovine soluble and
fibrillar collagen. The two types of collagen substrates are
exactly the same in terms of biochemistry, but differ in the
structural organization. In Fig. S3, we show the fibrillar or-
ganization of our collagen substrate by scanning electron mi-
croscopy (SEM), while soluble collagen substrates display no
fibrils or structure. As shown in Fig. 2b, the exponent of the
activity cluster distribution is independent on the substrate.
The average cluster size, however, is larger for fibrillar colla-
gen than for soluble collagen and plastic, independently on the
value of c (see Fig 2b and Fig. S4a) To further quantify the
role of the substrate in front propagation, we record average
position of front as a function of time. As shown Fig. S5a,
cell front motion is significantly slower on plastic substrates
than on collagen ones. There is no noticeable difference in
the average velocity of fronts moving on soluble and fibrillar
collagen substrates. Fluctuations do, however, differ as shown
by the standard deviation of the front position that is larger
for cells moving on fibrillar collagen substrates (Fig S5b)
Velocity distributions To better quantify the properties of the
different experimental conditions, we resort to particle image
velocimetry (PIV, see Materials and Methods) which allows
to estimate local velocities treating the cell layer as a fluid.
Representative examples of the local velocities for different
cell types and for simulations are reported in Fig. 3a which
displays the orientation of the velocity field (see also Videos
S1-S7). While cells mostly advance towards the empty space
there is significant motion also in the transverse and even in
the opposite direction. This is summarized in the orientation
distribution, revealing small differences due to cell types and
substrates (Fig. 3de and S5c). Next, in Fig. 3b and S5d
we report the distribution of the absolute value of the veloci-
ties extracted from PIV, indicating again quantitative differ-
ences between different cell types and substrates. Yet, the
general shape of the velocity distribution is similar in all cases
as shown in Fig. 3c where the velocities for each experiment
are rescaled by their average value. This leads to a collapse of
all the distributions, including the results of numerical simu-
lations, apart from small deviations in the tails.
Effect of VE-cadherin knockdown Internal couplings usually
play a key role in avalanche statistics [25, 23, 26, 27]. To un-
derstand this point in our context, we assess the role of cell-cell
interactions performing the same cell migration assay knock-
ing down VE-cadherin in mouse endothelial cells [29]. VE-
cadherin is an endothelial specific cadherin molecule located at
adherent junctions which regulats adhesion between adjacent
endothelial cells. Here we consider cells without VE-cadherin
(VEC-null) but still expressing N-cadherin, another important
molecule expressed by several types of cells such as neuronal,
skeletal and heart muscle cells or fibroblasts [30]. Moreover,
N-cadherin is highly expressed in mesenchymal stem cells and
cancer cells that are highly invasive and poorly polarized [31].
As shown in Fig. 4a, VEC-null cell fronts move faster, but
in a more disordered way (see Fig. S6), than VEC-positive
fronts. The distribution of activity cluster areas is very simi-
lar in the two cases (Fig. 4a), with slightly larger cutoff size
for VEC-positive cells (see Fig. S2). Despite these similarities,
VEC-null cells tend to detach from the advancing front and
move forward (see Video S9). We have tracked the trajecto-
ries of individual cells (Fig. 4c) and shown that they follow
a persistent random walk, displaying ballistic motion at short
time-scales (Fig. 4d). The combination of faster fronts and in-
dividual cells detachment confirms a more invasive phenotype
for VEC-null cells [32].
Numerical simulations of an active particle model In order
to better understand how avalanche-like fluctuations arise in
collective cell migration, we simulate the model of interacting
active particle introduced in Ref. [10] (for the details see the
Materials and Methods section). The geometry of the system,
the size and number of particles are chosen to match the exper-
imental images. Particles are first packed into a confined space
and then allowed to invade space filled with “surface” parti-
cles. For the time scales considered in the present experiments,
cell division is negligible and therefore we do not consider it in
the model. The main tuning parameters of the model are the
inter-particle velocity coupling β, the amplitude of the noise
η and the adhesion strength U1. We also take into account
the rough structure of the fibrillar collagen substrate by in-
cluding a quenched (i.e. time independent) random force field
with amplitude σrf and correlation length ζ. Simulations rep-
resenting plastic or soluble collagen substrate are performed
without quenched disorder (i.e. σrf = 0), with fluctuations
arising only from the random initial condition and the time-
dependent noise in the dynamics. In addition to the random
force field, the main difference between our simulations and
Ref. [10] is that we do not consider leader cells.
The numerical simulations allow to reproduce with good
accuracy all the salient features of collective cell migration re-
vealed by our experiments as reported in Figs. 1-3. As already
discussed, the numerical simulations reproduce the statistical
features of activity bursts (Fig. 2) and cell velocities (Fig.
3). Furthermore, the numerical results illustrate the key role
played by the substrate disorder, encoded in its correlation
length ζ, in determining the cutoff scale of the cluster size dis-
tribution (see Fig. S7). In particular, higher values of ζ corre-
spond to larger activity clusters. This explains why cells move
in larger activity bursts on fibrillar substrates, where disorder
is stronger. Decreasing the velocity coupling β or the adhe-
sion strength U1 increases the front velocity (Fig. S8) which
should be compared with an analogous result observed when
VE-cadherin is knocked down (Fig. 4). The model allows to
explore the limits of universality. We observe an activity clus-
ter distribution comparable to the experimentally measured
one only for relatively small values of β. When β is larger
(e.g. β = 60) the exponent τ is significantly smaller, suggest-
ing the presence of different universality classes (see Fig. S7
and Table S2 for the results of the fits). Finally, we assess
the relevance of interactions (i.e. performing simulations with
β = 0 and U0 = U1 = 0) and pinning (i.e. no surface particles
and no random field) and find that when either one of the two
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ingredients is missing the distribution is not a power law any-
more (see Fig. S9). When neither pinning and interactions
are present, we can not record a well defined front.
Universal scalingThe combinations of experimental results
and numerical simulations suggests that the activity bursts
observed in collective cell migration could be described by uni-
versal scaling laws as in non-equilibrium critical phenomena.
In order to strengthen this conclusion it is, however, impera-
tive to overcome the limitations of power law fitting [33] and
focus instead on scaling functions, as indicated by Sethna et
al. [28]. Ref. [27, 24] shows that in proximity of a depinning
critical point, avalanche distributions P (S) can be written as
P (S) = 〈S〉
S∗ p(S/S
∗), where S∗ = 〈S
2〉
2〈S〉 and p(s) is a univer-
sal scaling function. Here, we follow the same approach with
our data and show that indeed all the experimental distri-
butions, involving different cell lines and substrate, and those
obtained from numerical simulations collapse into a single uni-
versal scaling curve as shown in Fig. 5. We thus perform a
joint fit of all the distributions with a single scaling function
p(s) = s−τ exp(−Cs), yielding τ = 1.58 ± 0.02 as best fit-
ting parameter. This result provides a strong test of the uni-
versality of the bursty behavior we observe in collective cell
migration.
Discussion The collective motion of a cell layer as it invades
an empty region has been extensively studied experimentally
[7, 8, 9, 10] but the relation with the glassy features observed
in confluent layers [34, 35] was not explored. The externally
driven motion of disordered and glassy systems typically in-
volves intermittent behavior and avalanches [28]. Our work
shows that collective bursts of activity are also present in ac-
tive matter with cells advancing in avalanches of widely dis-
tributed sizes. Similar intermittent activity [36] and scaling
behavior has been previously recorded in animal [37] and even
human mobility patterns [38] and it is thus intriguing to realize
that it exists even at the cellular level. Finally, migration is a
key property of tumor cells for tissue invasion and metastasis.
Our detailed statistical analysis shows quantitatively how the
organization and structure of the substrate, either gel or fib-
rillar, affects the way cells move. The final invasion velocity is
the same but the motion is different, with larger intermittent
fluctuations present on fibrillar substrates. This finding is in-
teresting since it implies that cancer cells use different internal
mechanisms to migrate depending on the environment, a fact
that should be relevant for the metastatic process.
Materials and Methods
Collagen coating Collagen substrates are prepared from a 3%
solution of soluble bovine collagen in 0.01 HCl (code C4243,
Sigma), kept in ice until use. Both solubilized (”soluble colla-
gen”) and re-fibrillated collagen (”fibrillar collagen”) are pre-
pared in 35 mm Petri dishes. For soluble substrates a sufficient
amount of collagen solution is added to a Petri dish so that the
bottom is covered, the excess is removed after 15 minutes and
the dish is dried at room temperature for at least 2 hours. For
fibrillar substrates, a mixture of 3% collagen solution (Code
C4243, Sigma), 0.1N NaOH, 10% PBS (8:1:1) is prepared and
0.8mL are pipetted to the petri dish and incubated at 37◦ C
overnight to allow the proper gelification/refibrillation. After
polymerization, samples are 5-10 micrometers in height.
Cell cultureHeLa cell line (ATCC CCL-2) is cultured in
DMEM medium supplemented with 10% fetal calf serum, 2
mM L-glutamine, 100 U/ml penicillin, 100 mg/ml strepto-
mycin and 0,25 mg/ml amphotericin B (Invitrogen, Milan,
Italy) at 37◦C and humidity (95% relative humidity), and CO2
concentration (5%). Cells are seeded in bovine soluble col-
lagen, or fibrillar bovine collagen or without collagen-coated
dishes and growth up to reach confluence overnight. Endothe-
lial cells derived from embryonic stem cells with homozygous
null mutation of the VE-cadherin gene (VEC null) [39]. The
wild type form of VE-cadherin was introduced in these cells
(VEC positive) as described in detail in [40] Endothelial cells
isolated from lungs of wild type adult mice and cultured as
previously described [29]. Starving medium was MCDB 131
(Invitrogen) with 1% BSA (EuroClone), 2-mM glutamine, 100
U/liter penicillin/streptomycin, and 1-mM sodium pyruvate.
The MCF-10A cell line is a non-tumorigenic human mammary
epithelial cell line (ATCC CRL10317) grown in DMEM/F12
supplemented with 5%horse serum, 20ng/ml EGF, 0.5mg/ml
Hydrocortisone, 100ng/ml Choilera toxin, 10µg/ml Insulin.
Migration assayFor the migration assay, a wound is intro-
duced in the central area of the confluent cell sheet by using a
pipette tip and the migration followed by time-lapse imaging.
Hela cells were stained with 10 µM Cell tracker green CMFDA
(Molecular Probes) in serum-free medium for 30 minutes and
then the complete medium was replaced. Mouse endothe-
lial cell monolayers were wounded after an overnight starving,
washed with PBS, and incubated at 37◦C in starving medium.
MCF-10A cell monolayers were wounded after an O/N doxy-
cicline induction, washed with PBS, and incubated at 37◦C in
fresh media+doxycicline.
Time lapse imaging For Hela cells, time-lapse multifield ex-
periments were performed using an automated inverted Zeiss
Axiovert S100 TV2 microscope (Carl Zeiss Microimaging Inc.,
Thornwood, NY) with a chilled Hamamatsu CCD camera
OrcaII-ER. Displacements of the sample and the image ac-
quisition are computer-controlled using Oko-Vision software
(from Oko-lab). This Microscope was equipped with a cage
incubator designed to maintain all the required environmental
conditions for cell culture all around the microscopy work-
station, thus enabling to carry out prolonged observations on
biological specimens. Cell Tracker and Phase contrast images
were acquired with an A-Plan 10x (NA 0.25) objective; the
typical delay between two successive images of the same field
was set to 10 minutes for 12 hours. For mouse endothelial
cells and MCF-10A cells, time-lapse imaging of cell migration
was performed on an inverted microscope (Eclipse TE2000-
E; Nikon) equipped with an incubation chamber (OKOLab)
maintained at 37◦C in an atmosphere of 5% CO2. Movies
were acquired with a Cascade II 512 (Photometrics) charge-
coupled device (CCD) camera controlled by MetaMorph Soft-
ware (Universal Imaging) using a 4X or 10 magnification ob-
jective lens (Plan Fluor 10, NA 0.30). Images were acquired
every 2 or 5 min over a 24h period. See Table S3 for the time
lapse parameters.
Scanning Electron Microscopy Collagen substrates are fixed
with 2% glutaraldehyde in 0.1 M cacodylate buffer for 2 h
at 4C and post-fixed with 1% osmium tetroxyde in 0.1 M
sodium cacodylate buffer (2 h, room temperature). After
several washings with dH2O, they are dehydrated in an in-
creasing ethanol scale and treated with a series of solutions of
HMDS (Hexamethyldisilazane) and ethanol in different pro-
portions (1:3, 1:1, 3:1 and 100% HMDS), mounted on stubs,
covered with pure gold (Agar SEM Auto Sputter, Stansted,
UK). The samples are observed under a scanning electron mi-
croscope(SEM) (LEO-1430, Zeiss, Oberkochen, Germany).
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Particle image velocimetry (PIV) The measurements of the
velocity field were done using PIVlab app for Matlab [41, 42].
The method is based on the comparison of the intensity
fields of two consequent photographs of cells. The difference
in the intensity is converted into velocity field measured in
px/frame. Then the velocity is converted to µm/h through
coefficient that is specific for each experiment, shown in table
S3.
Border progression measurement The method of border de-
tection is based on the procedures described in [43, 44].
The method is based on the border extraction procedure
described in the manual of the Matlab software package
(CellSegmentationExample).
Front activity maps We analyze the propagation of the cell
front, by measuring for each recorded image, and thus, at
each time step t, the cell front position y = h(x, t), along the
abscissa x. We then construct a local velocity map of such in-
terface vf (x, y), by computing the velocity of the cell front at
each position of the front (x, y = h(x, t)) during its progres-
sion:
vf (x, y = h(x, ti)) =
h(x, ti+1)− h(x, ti)
ti+1 − ti
Figure S1a provides such spatial color scale map vf (x, h(x, t))
of the local velocity fluctuations for a typical wound healing
experiment using HeLa cells moving on a soluble collagen sub-
strate. The various regions of different color levels reveal an
intermittent burst-like dynamics on a broad range of length
scales. Such a complex dynamics can also be unveiled by
representing the spatio-temporal map vf (x, t) giving the in-
stantaneous velocity of each point of the cell front during its
propagation, as shown in Fig. S1b. Occasional overhangs in
the front are eliminated by the maximum value of h for a
given x. When the front locally moves backwards, we aver-
age all the velocity values at that point. To define areas of
correlated activity, we consider the spatial map of the local
front velocities vf (x, h(x, t)) and define avalanches as clus-
ters of velocities larger than an arbitrary threshold [20, 21]:
vf (x, h(x, t)) ≥ c〈vf 〉, where 〈vf 〉 is the mean front velocity
during the experiment Fig. S1c. Cluster sizes S are given by
the area of the clusters, and their shape is characterized by
their length l (lateral extension along x) and their width w
(extension in the mean direction of propagation y). The cut-
off of the cluster size distribution depends slightly on c, but
its scaling exponent does not (Fig. S1d).
Simulations of the active particle model We simulate collec-
tive cell migration using a modified version of the model in-
troduced in Ref. [10]. Here we introduce a pinning field and
we do not consider a leader cell.
The main equation of motion is given by
dvi
dt
= −αvi +
∑
j
[
β
Ni
(vj − vi) + fij
]
+ σ(ρi)ηi + Frf(xi)
[1]
where the sum is restricted to the nearest neighbors of i, α
is a damping parameter, β is the velocity coupling strength,
fij = −∇iU(rij) is the force between neighboring cells where
U(r) = U0 exp(−(r/a0)2) + U1(r − a1)2H(r − a1) . [2]
Here H(x) is the Heaviside function H(x) = 1 for x > 0 and
H(x) = 0 otherwise, U1 is the adhesion and U0 the repulsive
strength. The noise term σ(ρi)ηi, here ηi is an Ornstein-
Uhlenbeck process with correlation time τ :
τ
dηi
dt
= −ηi + ξi, [3]
ξi is a delta-correlated white noise, independent for each cell〈ξi(t)ξj(t′)〉 = δijδ(t− t′) The amplitude of the noise term σ
depends on the density of the neighboring particles ρi:
σ(ρi) = σ0 + (σ1 − σ0)(1− ρi/ρ0). [4]
The neighbors of each particle are defined in the same way
as Ref. [10] The neighborhood of a particle i is split into 6
equal sectors. The particle closest to the particle i in each
sector (but closer then interaction radius of 100 µm) is cho-
sen to be a neighbor. The local density is computed then
as ρi = 1/[pi(〈d〉/2)2], where 〈d〉 is the average distance be-
tween cell i and its 6 neighbors (for sectors without neighbors
the distance is taken to be 100 µm). To model heterogeneous
substrates we include an additional random force field Frf(xi).
A pair of Gaussian distributed random numbers, represent-
ing the two components of the random force, are placed on a
square grid of spacing ζ, quantifying the correlation length of
the disorder. The value of random force between grid points
is obtained through bilinear interpolation.
As in the original model, the free surface is modeled by
surface particles, that are hindering cells to enter the empty
space. The interaction between a surface particle and a cell is
modeled as
fsij = −∇iUs(rij) , [5]
where Us(r) is Us(r) = As exp(−(r/as)2). A scalar damage
variable q is associated with each surface particles and follows
the equation
ν
dqi
dt
=
∑
j:rj∈Si
|f sij| . [6]
The values of the parameters that were used for simula-
tions match the ones used in Ref. [10]: number of particles
N = 4000, size of the box 2L×L, L = 1000 µm, α = 1.42h−1,
β, varying, but the value used in most of simulations was
β = 10 h−1, τ = 1.39 h−1, σ0 = 150 µmh−3/2, σ1 = 300
µmh−3/2, U0 = 2400 µm2/h2, a0 = 8 µm, U1 = 2h−2,
a1 = 35µm, ρ0 = 4.0 × 10−3µm−2. rs the radius of inter-
action between a cell and a surface particle, is chosen to be
rs = 50µm, ν = 7h
−1, As = 2400µm2/h2, as = 8 µm, the
threshold value qi = θ after reaching which the surface parti-
cle disappears is taken to be θ = 30 µm. The values for the
parameters of the random field are also varied. Contrary to
Ref. [10], we do not introduce any leader cell.
Data fitting We fit the distribution of cluster sizes using the
least-square method for binned histograms and the maximum
likelihood method (see Fig. S10, Tables S1, S2 and Supporting
Information for more details).
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Fig. 1. Cell front dynamics displays activity bursts. Ex-
amples of cell fronts and their time evolution and the corresponding activity maps.
Cell fronts are colored according to time. Regions marked by the same color in the
activity map move collectively. The scale bars are 100µm. a) HeLa cells moving
on soluble collagen substrates. b) Mouse endothelial cells derived from embryonic
stem cells (VEC-positive). c) Human mammary epithelial cells (MCF-10A). d) Mouse
endothelial cells extracted from lungs (lung-ECs). e) Numerical simulations of the
model.
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Fig. 2. Cell activity bursts statistics displays scaling a) Dis-
tributions of the areas of activity clusters display power law scaling with a cutoff. The
distributions for different cell types have been shifted for clarity. The slope obtained
fitting the distributions is very similar for all cell types. b) Distributions of the areas of
activity clusters for HeLa cells moving on different substrates. The scaling exponent
is the same but the cutoff size for fibrillar collagen substrates is larger than for plastic
and soluble collagen substrates. c) The average cluster length and d) the average
cluster width scale with the cluster size with an exponent that is independent on the
cell type.
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Fig. 3. Cell velocity distributions display universal statis-
tics a) Velocity maps for different cell types and for simulations as obtained from
PIV. The colors indicate the orientation of the velocity following the color wheel. The
length of the arrows is proportional to the magnitude of the velocity. The scale bars
are 100µm. b) The corresponding distributions of velocity magnitudes. c) Scaling the
velocities by their magnitude leads to a collapse of all the distributions, apart from
small deviations in the tails. d,e) The distribution of the orientations of the velocities.
Fig. 4. Knock down of VE-cadherin leads to faster fronts
and individual cell motion. a) The time evolution of the front position
for mouse endothelial cell expressing (VEC-positive) or not (VEC-null) VE-cadherin.
VEC-null cells move faster. b) The corresponding cluster size distribution displays the
same exponent and small changes in the cutoff. c) In the VEC null cases cells detach
from the front and invade the space individually following trajectories as the ones
illustrated. d) The average mean-square displacement of the trajectories indicates an
initial ballistic regime followed by a slowing down.
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Fig. 5. The distribution of activity clusters is universal.
The distributions of the areas of activity clusters from Figs. 2 and 4 can all be col-
lapsed into a single universal scaling function p(s) = s−τ exp(−Cs) (line) when
plotted in terms of the reduced variable s = S/S∗.
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Supplementary information
Details about the fitting methods We employ different strate-
gies to obtain the best parameters describing the cluster size
distributions in simulations and experiments. We first con-
sider the log-spaced binned probability density functions and
perform a lest-square fitting with the function
f(x) = Ax−τ exp(−Cx) , [7]
To obtain a reliable estimate of the cutoff, we first take the
logarithm of the distribution and fit it with the logarithm of
Eq. 7. The fitting is performed in python using the pyFit-
ting function (https://github.com/gdurin/pyFitting) and the
results are reported in table ?? and ?? for experiments and
simulations, respectively.
The second strategy relies on the maximum-likelihood esti-
mate. Given the set of measured cluster sizes Si, we consider
the log-likelihood function
L = −
∑
i
log(f(Si))), [8]
where the function f(x) is given by Eq. 7. The function L is
maximized with respect to the parameters A, τ and α. The
results are again reported in table ?? and ??. A comparison
of the fitted function and the data can be presented in a way
that is independent on binning by plotting the cumulative dis-
tribution functions in Fig. S10. The theoretical function in
this case is given by
CDF =
Γ(1− τ, Cx)
Γ(1− τ, Cxmin) [9]
where Γ(a, b) is the incomplete gamma function.
Finally, we collapse together all the experimental probability
density function into a unique set. To this end, we first com-
pute the characteristic cluster size S∗ = 〈S
2〉
2〈S〉 from each exper-
imental data set. We then rescale the cluster sizes, defining a
reduced size s = S/S∗ and a scaling function p(s) = P (S) S
∗
〈S〉 .
Notice that p(s) is not a distribution, since its integral is not
equal to one. Once data for different experiments are rescaled
according to this prescription, they are joined into a single
set which is fitted by the least-square method using the func-
tion reported in Eq. 7. The result yields A = 0.13 ± 0.01,
τ = 1.58± 0.02 and C = 0.20± 0.03.
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Fig. S1. Determination of activity areas from images. Scale bars are 100µm. a)
Spatial front velocity maps. Each pixel is colored according to the velocity of the front
once it passes through that location. b) Spatio-temporal velocity map. Each pixel
corresponds to the velocity (vf (x, t)) at time t of the front at point x c) Activity
clusters are obtained by setting threshold c to the data in panel a. Results obtained
with different values of c are reported in three panels. d) Cluster size distributions for
different values of c.
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Fig. S2. The characteristic cluster size S∗ = 2〈S2〉/〈S〉 as a function of
the velocity threshold c. a) Hela Cells on different substrates. b) Mouse endothelial
cells expressing VE-cadherin or not. c) Comparison between different cell lines d)
Simulations of the model for different values of β.
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b)
Fig. S3. Scanning electron micrograph of the fibrillar collagen substrate at two
different magnifications. From the high magnification image b) it is possible to esti-
mate the fiber diameter.
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Fig. S4. The average cluster size as a function of the velocity threshold c. a)
HeLa Cells on different substrates. b) Mouse endothelial cells expressing VE-cadherin
or not. c) Comparison between different cell lines d) Simulations of the model for
different values of β.
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Fig. S5. Dependence of the front dynamics on the substrate properties. a) Front
position as a function of time indicates that fronts move slowly on plastic substrates.
b) The standard deviation of the front (i.e. the front roughness) is larger for cells
moving on fibrillar collagen. c) Angular velocity distribution as obtained from PIV. d)
Distribution of absolute values of velocities as obtained by PIV.
Fig. S6. Front dynamics in mouse endothelial cells with VE-cadherin knock down
(VEC-null). a) Fronts. b) Activity clusters. c) Results from PIV.
100 102 104
10-9
10-6
10-3
100 β=10
β=60
β=100
100 102 104
10-9
10-6
10-3
100 ζ=10
ζ=20
ζ=50
ζ=100
P(S)
S, µm2
P(S)
S, µm2
(a) (b)
Fig. S7. Simulated cluster size distributions a) for different β (the strength of
alignment between cells), b) for different ζ (correlation length of the random field).
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Fig. S8. a) Simulations of the model for different values of β show that fronts
are slower when β is increased. b) Simulations of the model for different values of the
adhesion strength U1 show that fronts are slower when U1 is increased.
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Fig. S9. The non-binned cumulative distribution functions (CDF) of the cluster
sizes from simulations a) with and without pinning (i. e. no surface particles and no
random field) and b) with and without interactions (i.e. β = 0, U0 = U1 = 0).
The lack of either pinning or interactions leads to clear deviation from a power law
distribution, as also shown by fitting the simulation results with the maximum likeli-
hood method. The fit yield scaling exponents τ = 1.2 (panel a, red), τ = 1.38
(panel a, green), τ = 1.51 (panel b, red), τ = 1.56 (panel b, green), but the fitted
curves deviate systematically from the data and the scaling regime is extremely small.
We also notice that in order to record a front at all in these conditions, one should
also reduce the noise parameter σ0.
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Fig. S10. The non-binned cumulative distribution functions (CDF) of the clus-
ter sizes for the different experiments are compared with the results of maximum
likelihood estimates.
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Fitting Maximum likelihood
Name A τ C τ C xmin
HeLa (soluble) 0.18± 0.02 1.48± 0.03 0.00054± 5.2× 10−5 1.48± 0.10 (3.2± 2.43)× 10−4 12.8
HeLa (plastic) 0.17± 0.03 1.47± 0.05 0.0006± 0.0001 1.49± 0.09 (3.5± 2.8)× 10−4 8.0
HeLa (fibrillar) 0.19± 0.03 1.49± 0.04 (20± 7)× 10−5 1.34± 0.14 (2.82± 2.0)× 10−4 28.8
lung-ECs 0.81± 0.36 1.58± 0.07 (7.2± 1.4)× 10−5 1.45± 0.13 (1.1± 0.6)× 10−4 176
MCF-10A 0.17± 0.06 1.58± 0.08 (16.7± 9.2)× 10−5 1.56± 0.12 (1.2± 1.0)× 10−4 43.5
VEC-positive 0.33± 0.09 1.62± 0.05 (8.6± 4.9)× 10−5 1.55± 0.12 (1.2± 1.0)× 10−4 53.8
VEC-null 0.33± 0.04 1.62± 0.03 0.0001± 5× 10−5 1.61± 0.13 (1.7± 1.4)× 10−4 46.1
Fitting Maximum likelihood
β A τ C τ C xmin
10 0.34± 0.07 1.56± 0.04 (10± 1)× 10−5 1.60± 0.02 (6.3± 1.9)× 10−4 21
60 0.103± 0.007 1.37± 0.01 (3± 0.13)× 10−4 1.36± 0.05 (2.5± 0.8)× 10−4 16
100 0.11± 0.02 1.39± 0.04 (3.8± 0.3)× 10−4 1.33± 0.03 (3.9± 0.7)× 10−4 6
Name Number of fronts 1 px in µm 1 frame in min.
HeLa (plastic) 6 1.2658 10
HeLa (soluble) 5 1.2658 10
HeLa (fibrillar) 8 1.2658 10
lung-ECs 11 4 5
MCF-10A 8 1.6 5
VEC-positive 4 1.6 2
VEC-null 4 1.6 2
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Supplementary video captions
Video S1 (Left) Time lapse of a representative sheet of Hela cells
invading a fibrillar collagen substrate. The reconstructed
front is reported in red. (Right) Evolution of the corre-
sponding local velocity map obtained by PIV.
Video S2 (Left) Time lapse of a representative sheet of Hela cells
invading a soluble collagen substrate. The reconstructed
front is reported in red. (Right) Evolution of the corre-
sponding local velocity map obtained by PIV.
Video S3 (Left) Time lapse of a representative sheet of Hela cells
invading a plastic substrate. The reconstructed front is re-
ported in red. (Right) Evolution of the corresponding local
velocity map obtained by PIV.
Video S4 (Left) Time lapse of a representative sheet of lung derived
endothelial cells. The reconstructed front is reported in
red. (Right) Evolution of the corresponding local velocity
map obtained by PIV.
Video S5 (Left) Time lapse of a representative sheet of MCF10-A
cells invading a plastic substrate. The reconstructed front
is reported in red. (Right) Evolution of the corresponding
local velocity map obtained by PIV.
Video S6 (Left) Time lapse of a representative sheet of VEC-null
mouse endothelial cells invading a plastic substrate. The
reconstructed front is reported in red. (Right) Evolution of
the corresponding local velocity map obtained by PIV.
Video S7 (Left) Time lapse of a representative sheet of VEC-positive
mouse endothelial cells invading a plastic substrate. The
reconstructed front is reported in red. (Right) Evolution of
the corresponding local velocity map obtained by PIV.
Video S8 (Left) Representative simulation results. The recon-
structed front is reported in red. (Right) Evolution of the
corresponding local velocity map obtained by PIV.
Video S9 A representative trajectory (yellow) of an isolated VEC-
null mouse endothelial cell.
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